The relationships between the contents of various metals (Cu, Ni, Pb and Al) 
INTRODUCTION
Chemometrics is considered part of analytical chemistry. In its arsenal, we can find methods that help analytical chemists to deal with all steps of analytical procedures, starting from the design of an experiment through extraction of information to the final decision making. A majority of chemometrics methods are of a general purpose (i.e. they can be applied to any type of analytical experiment and to any type of instrumental signal). However, there are problems associated with specific types of instrumental signals or with particular analytical techniques that need special treatment. Only with the knowledge of the system studied and of the principles of the measurements performed one can choose a well-suited method. Statistics, of course, plays a major role in chemometrics. Statistical approaches are based on mathematical theory, so statistics falls between mathematics and chemometrics. Computing is important as much of chemometrics relies on software. However, chemometrics is not really computer science. Engineers, especially chemical and process engineers, have a profound need for chemometric methods in many areas of their work, and have a quite different perspective from the mainstream chemists (1) (2) (3) .
Multiple linear regression (MLR) is a widely applied chemometric method for regression and classification purposes. MLR presents an extension of a simple linear regression and it has to quantify the relationships between more independent variables and a dependent variable (4) . Chemometric analysis was applied on various milk chocolate to model the relationships between the contents of different metals present in chocolate samples. The MLR method was used to derive reliable models for predicting the metals contents. High agreement between the experimental and predicted values, obtained in the validation procedure, indicated the good quality of the models. The application of the presented high-quality networks can significantly reduce the analysis time of metal contents in the analyzed samples.
EXPERIMENTAL

Materials and methods
To describe the relationships in a set of the metal contents in 38 different milk chocolate samples (Table 1) , use was made of MLR as the most frequently used chemometric multivariate method (5-8). given in Table 2 . The emission lines for each element were based on the tables of known interferences, baseline shifts and experience in work with different samples. Plasma of argon gas was used to produce excited atoms and ions which emitted characteristic electromagnetic radiation. Samples were prepared in an automated system for microwave digestion (Berghof MSW 3+).
Chemicals and reagents
Chemicals used in the analysis were of extra purity grade for trace element analysis (J.T. Baker, USA, INSTRA). The chemicals used included HNO 3 , H 2 O 2 , and standard solutions of Cu, Ni, Pb and Al (1000 mg/dm 3 ). For all dilutions and dissolutions ultra pure water from EasyPure system was used. Working solutions were prepared daily by diluting standard solutions with 0,1 mol/dm 3 nitric acid. All vessels and cells were washed with nitric acid (1:1) and deionized ultra pure water.
Samples
Metal contents were determined in 38 different milk chocolate samples. Samples were collected randomly in the local markets. The collected samples included both domestic (Serbian) and foreign producers.
Sample preparation
Samples (0.4 g) were digested by microwave-assisted mineralization, well homogenized and transferred to the reaction vessels, and then 7 cm 3 of nitric acid and 2 cm 3 of hydrogen peroxide were added. The applied digestion program is given in Table 3 . The digested samples were quantitatively transferred to the volumetric flasks and diluted to 25 cm 3 with ultra pure water. A blank digest was carried out in the same way as the samples.
RESULTS AND DISCUSSION
The development of a chemometric model requires diverse sets of data, and, thereby a large number of data have to be considered. The data reduction is very important in reducing data redundancy that could lead to low predictivity of the models. To further reduce the data, a correlation matrix was generated to study the data patterns. Finally, the selection of a set of appropriate Pearson's correlation matrix has been performed on all content of metals (Table 4) . Pearson's correlation matrix was performed on all the data by using the NCSS Statistical Software. The correlation matrix showed that some parameters selected in the study are highly correlated with the others. However, it is very important not to derive the models containing parameters which are highly correlated (highly correlated variables lead to unstable MLR models). Mathematical models were formed by a stepwise addition of terms. A deletion process was then employed, where each variable in the model was held out in turn and the remaining parameters were used to generate the models. The presented data show a relatively low correlation. In order to find mathematical models of higher quality and reliability to define the best correlation between the content of the metal in different types of chocolate, use was made of MLR. As a result of the MLR analysis, four
134 statistically significant models, free of multicollinearity, were obtained and they are given in the Table 5 . Table 5 . Statistical parameters of the relationships between the content of metals present in the chocolate samples However, it is well known that there are three important components in any chemometric study: development of the models, validation of the models and utility of the developed models. Validation is a crucial aspect of any chemometric analysis. It is noteworthy that all these equations were derived using entire data set of chocolate samples (n = 38) and no outliers were identified. The statistical quality of the generated models is determined by statistical measures: the square of the correlation coefficient (r 2 ), the standard error of estimation (s), and F-test (Fisher's value) for statistical significance (10, 11) The square of the correlation coefficient (or coefficient of multiple determination) is a relative measure of fit by the regression equation. Correspondingly, it represents the part of variation in the observed data that is explained by the regression. The correlation coefficient values closer to 1.0 represent the better fit of the regression. Standard deviation is measured by the error mean square, which expresses the variation of the residuals or the variation about the regression line. Thus, standard deviation is an absolute measure of quality of fit, and it should have a low value for the regression to be significant. The F-test reflects the ratio of the variance explained by the model and the variance due to the error in regression. High values of the F-test indicate that the model is statistically significant. To test the validity of the predictive power of derived model use was made of the cross-validation statistical technique. This is the most common validation technique, where a number of modified data sets are created by deleting, in each case, one or smaller group of objects from the data in such a way that each object is taken away once and only once. For each reduced data set, the model is calculated, and responses for the deleted objects are predicted from the model. The simplest and most general cross-validation procedure is the LOO technique. This method uses cross-validated of fewer parameters: PRESS (predicted residual sum of squares), SSY (total sum of squares deviation), r 2 CV , and r 2 adj (Table 6) . PRESS is an important cross-validation parameter as it is a good approximation of the real predictive error of the models. Its value being less than SSY points out that the model predicts better than chance, and can be considered statistically significant. The present models have PRESS<<SSY. adj are taken as a proof of the high predictive ability of chemometric models. A high value of these statistical characteristic (> 0.5) is considered as a proof of the high predictive ability of the model, although recent reports have proven the opposite (12) . Thus, the high value of LOO r 2 CV is the necessary condition for a model to have a high predictive power. However, the only way to estimate the true predictive power of a model is to test its ability to predict accurately the metal content (Figure 1) . In order to verify the predictive power of the developed model, the metal content was calculated using models (1 -4) and compared with the observed values ( Table 7 ). The data presented in Table 5 show that the observed and the estimated values are very close to each other. The residual values (the difference between experimentally obtained values for metal content and chemometric calculated metal content is less than or equal to 0.284. Further, Fig. 1 shows the linear regression plots between the predicted and observed values of metal content in the analyzedchocolate samples and also proves the usefulness of the derived models. In order to investigate the existence of a systemic error in developing the chemometric models, the residuals of the predicted values were plotted against the observed values (Fig. 2) . The propagation of the residuals on both sides of the zero axis indicates that no systemic error in the development of regression models exists, as suggested by Jalali-Heravi and Kyani (13) .
The established models showed good internal consistency and they could be useful for the analogs that haven't been used for the model generation. For proving the predictive power of the established models, external test set was used. Given chocolate samples were divided into the training set of 25 samples and external test set of 13 randomly selected samples (30 % of the given samples). By this method, trustful statistics for comparison between the observed and predicted values is achieved. The plots of the residual values vs the experimentally observed metal content of external test set are presented in Fig.  3 . All the presented results indicate that these models can be successfully applied to predict the metal content of this class of chocolate samples.
CONCLUSIONS
Accurate MLR models were developed for predicting the metal content of this class of chocolate samples. The MLR equations that represent the content of a metal as a function of the contents of the other metals were established. The validity of the model was established by the determination of the appropriate statistical parameters. The close agreement between the observed and predicted values was obtained. The low residual activity and high cross-validated r 2 values (r 2 CV ) suggest a good predictive ability of the developed chemometric models. This study could give necessary guidelines for the analyses of different types of chocolate for metal content.
